An assessment has been carried out to study the performance of seven different LiDAR filtering algorithms and to evaluate their suitability for urban flood modelling applications. It was found that none of these algorithms can be regarded as fully suitable to support such work in its present form.
INTRODUCTION
In the last few decades the consequences of floods and flash floods in many parts of the world have been devastating with extensive tangible damages and unprecedented losses, personal pain, and social disruption. One way of improving flood management practice is to invest in data collection and modelling activities which enable an understanding of the functioning of a system and the selection of optimal mitigation measures. In this respect, the application of hydroinformatics technologies to urban water systems (the domain of urban hydroinformatics) plays a vital role in making the best use of the latest data acquisition and handling techniques coupled with sophisticated modelling tools, including uncertainty analysis and optimisation facilities to provide support to stakeholders for decision making (Price & Vojinovic ). These technologies have revolutionized the way in which communication of information is carried out, with large amounts of data and information stored at nodes (servers) and accessible to anybody with a computer or mobile phone connected to the Internet anywhere in the world (see also Abbot & Vojinovic ) .
Some of the practical applications (or problems) where the use of urban hydroinformatics technologies plays critical role are: general system's performance evaluation, leakage control in water distribution networks, rehabilitation of sewerage networks, flood risk mitigation, analysis of treatment works operation, and minimising the impact of sewerage overflows on receiving waters. Since the safe and reliable examples which demonstrate the necessity of applying such tools for the management of urban water systems. For example, an application of urban hydroinformatics to flood management and disaster risk mitigation with the particular reference to the case of Dhaka City (Bangladesh) is given in Mynett & Vojinovic () . Dawson et al. () have shown how the risk attribution can be used for a number of integrated urban flood risk management purposes including risk ownership, estimation of capacity to reduce risk and asset management.
Within the flood management process, data acquisition refers to the compilation of existing data and the collection of additional data for system analysis, modelling and decision making. A typical flood management database consists of spatial, temporal and other data (e.g. design standards, flood incidents, public perception of utility's levels of service, etc.). The collection of such data is of the utmost importance for making cost-effective investment and operational or maintenance decisions. A digital terrain model (DTM) is one of the most essential items of information that flood managers need in present day practice. A DTM is essentially a topographic map that includes spot elevations for the terrain and data for its properties. Correspondingly, the term DEM (or digital elevation model), although usually associated with the land surface, refers to the elevations of any surface for any object. In urban flood management, DTMs are needed for an analysis of the terrain topography, for setting up 2D models, processing model results, delineation of flood hazards, production of flood maps, estimation of damages, and evaluation of various mitigation measures. Typically, a DTM data set can be obtained from ground surveys (e.g. total stations together with Global Positioning System -GPS), aerial stereo photography, satellite stereo imagery, airborne laser scanning or by digitising points/contours from an analogue format such as a paper map, so that they can be stored and displayed within a GIS package and then interpolated.
Airborne laser scanning (ALS) or light detection and Ranging (LiDAR) is one of the most common techniques that is used to measure the elevation of an area accurately and economical in the context of cost/benefit analysis. It can deliver information on terrain levels to a desired resolution. The end result of an ALS survey is a large number of spot elevations which need careful processing. In this research, the LiDAR System used was Riegl LMS Q560 with Full Waveform Analysis for unlimited target echoes. The pulse rate was 75 kHz or 75,000 points per second. This system used all echoes and all intensities. The beam size was less than 1.5 m diameter with 60 degrees swath width. The data has 40% side lap where the laser distance is approximately 700 m. The flying height was approximately 700 m above ground level with the average of 100 knots flying speed. The platform for this system was helicopter (Bell 206b JetRanger). This paper explores the use of different filtering algorithms and their value in processing LiDAR data so that it can be used more reliably in urban flood modelling applications.
In general terms, most existing filtering algorithms can be categorised into four groups. The first group of algorithms is based on mathematical morphological filtering. Vosselman () proposed such filtering, which is closely related to the erosion operator used in mathematical morphology. The height difference between two adjacent points is used to determine the optimal filtering function that preserves the terrain features.
The second group can be described as progressive filters.
In these filters some of the bare earth points are identified first and these are used to construct an initial triangulated irregular network (TIN). More terrain points are identified based on this TIN and are added to classify further points (Axelsson ) . A sparse TIN is derived from neighbourhood minima, and then progressively made more dense. At every iteration a point is contrasted with the TIN. If it meets a certain criterion, it is added to the TIN. At the end of each iteration the TIN and the criterion are recomputed.
The iterative process ends when there are no further points that conform to the criterion.
The third group of algorithms includes those that progressively increase the density of the points for the DTM in order to approximate the bare earth (see, for example, Elmqvist ). The ground surface is determined by employing an active shape model. A deformable model is used to fit the bare earth by means of progressively minimising the energy associated with the active shape model. When applied to LiDAR data, the active shape model behaves like a membrane floating up from underneath the data points. The manner in which the membrane sticks to the data points is determined by an energy function. For the membrane to stick to the ground points, it has to be chosen in such a way that the energy function is minimized. Hu (), Wack & Wimmer () and Pfeifer & Stadler () used a hierarchical approach, which is similar to the image pyramid method used by Adelson et al. () . In that approach, a coarse DTM used is generated at the top level first and then it is refined hierarchically.
The fourth group of algorithms are filters based on segments. Points are segmented using cluster analysis, region growth or edge detection techniques based on height, normal curvature, slope or gradient differences within a small neighbourhood. The segments are then classified according to their contextual information (see for example,
URBAN FLOOD MODELLING PRACTICE
Traditionally, one-dimensional (1D) hydrodynamic models are used as standard for flood modelling. The 1D Saint-Venant equations for the conservation of mass (continuity) and momentum, typically with averaged cross-sections, are used to describe the evolution of the water depth h and either the discharge Q or the mean flow velocity V. The boundary conditions are either discharges or water levels (or the equivalent depths) at the two ends of the conduit or channel. For a channel network, the boundary conditions internally are not known in advance and therefore they are determined by the numerical solution procedure. The solution is commonly based on a temporary elimination of variables at internal cross-sections and a reduction of the equations to a system of unknown water levels at the nodes of the network.
Where flood flows are confined to well-defined conduits, a robust 1D model can be found sufficient. However, the Recently, the vertical accuracy of LiDAR has increased dramatically to 0.05 m. This extremely high resolution data brings considerable benefits but implies that data storage increases considerably and leads to more problems especially in hardware capability and the time taken for processing and modelling. In order to estimate the inundation flow in a populated area accurately detailed land features must be modelled properly, especially in resolving the dynamic processes of inundation. A precise, rational and efficient treatment of geospatial information is essential for practical use (Tsubaki & Fujita ) . Typically, thinning, filtering and interpolation are techniques that need to be adopted as part of this process. Thinning (or reduction of data points) is usually achieved by removing neighbouring points that are found to be within a specified elevation tolerance. Filtering is a process of automatic detection and interpretation of bare earth and objects. To date, many filtering algorithms have been developed but none of them can be considered as fully suitable for the needs of urban flood modelling. The following section discusses issues concerning the use of spatial data for urban flood modelling.
ISSUES CONCERNING SPATIAL DATA Urban features
Urban environments can contain a vast variety of features (or objects) that have a role in storing and diverting flows during flood events. In this respect, buildings are the most significant objects, and in broad terms they can be divided into three types: buildings with basements, passage buildings, and buildings which have neither basements nor passages; see Figure 1 . Typical examples of buildings with basements are those that have underground car parks that can be filled with water during flood events. Passage buildings refer to those that have no basements but
which have large open spaces and corridors that can allow flow through the site. The third category refers to those buildings that can act as solid objects and can fully divert any floodwater. In addition to buildings, there are also many small geometric 'discontinuities' such as roads, stairs, pavement curbs, fences and other objects which can play an important role in diverting flows that are generated over the urban surface. These features can be undetected by airborne LiDAR but would probably be detected by mobile terrestrial LiDAR (Roncat et al. ) .
When these features are not adequately represented it is highly likely that the flood model will not be able to produce satisfactory results.
DTM resolution
In terms of the DTM resolution, it is clear that a higher resolution 2D will capture urban features better whereas such features would be smeared or completely removed when the grid is coarsened. An illustration of the effect on buildings and roads of increasing the 2D model grid size is given in Figure 2 .
Furthermore, research to date shows that 2D models derived from a coarser DTM resolution tend to generate a more widespread distribution of flood water with shallower depths compared with those models based on a finer DTM resolution. In the case of the finer resolution model the flood water tends to get trapped by local terrain depressions and thus generates larger depths (Vojinovic et al. b) ; see example given in It is important to note that present computing resources still impose a challenge for modelling the terrain of large scale areas, in which case increasing the grid size can effectively improve efficiency, but it can also cause a significant reduction in detail. Again, the straightforward 2D flow modelling technique may not reflect properly the local flow phenomena in coarse grid applications. In such a case an approach based on the floodplain model can be found beneficial.
Filtering algorithms
As LiDAR has increased our capabilities to obtain high resolution data, the processing of such data is still a challenging job. The tasks in LiDAR data processing include the 'model- 
OVERVIEW OF EXISTING LIDAR FILTERING ALGORITHMS
Seven different filtering algorithms from the different groups referred to above are considered. They are: two morphological algorithms (first group), a TIN-based algorithm (second group) and four shape-based algorithms (third group).
These seven algorithms are the algorithms most widely used by researchers as well as industry practitioners.
Progressive morphological filter (1D and 2D)
The main assumption of this algorithm is that points in a given height range within a neighbouring measurement point are for bare earth. In the 1D progressive morphological algorithm the lowest point in a neighbourhood is labelled as a terrain point. By gradually increasing the window size and using elevation difference thresholds, it removes measurements for different sized non-ground objects while preserving ground data. The maximum elevation difference threshold can be set either to a fixed value to ensure the removal of large and low buildings in an urban area or to the largest elevation difference in a particular area. The filtering window can be a one-dimensional line or a two-dimensional rectangle or any other shape. When a line window is used, the opening operation is applied to both x and y directions at each step to ensure that the non-ground objects are removed (Zhang These concepts can also be extended to the analysis of a continuous surface such as a digital surface model as measured by LiDAR data. For a LiDAR measurement p(x, y, z) the dilation of elevation z at x and y is defined as
is the x coordinate of the point, y p is the y coordinate of the point, z p is the height value of the point and w is the window.
Erosion is a counterpart of dilation and it is defined as
where e p is the erosion of elevation.
The combination of erosion and dilation generates open-
ing and closing operations that can be used to filter the LiDAR data. An erosion of the data set followed by dilation is performed to generate the opening operation, while the closing operation is accomplished by carrying out dilation first and then erosion. An erosion operation can remove tree objects of sizes smaller than the window size. Dilation can be used to restore the shapes of large building objects.
The ability of an opening operation to preserve features larger than the window size is very useful in some applications (see also Zhang et al. ) . For example, the measurements of large buildings can be preserved if the morphological filters are applied to the LiDAR measurements for a dense urban area. The schematic of the algorithm is given in Figure 4 .
The 2D progressive morphological algorithm adopts the same concept, the only difference is that the filtering window has a two-dimensional rectangle or any other shape. Apart from using the line, it also uses a square window which can perform erosion in the x direction first and then in the y direction. The same rule can be applied to dilation. The weakness of this filter is that the result is influenced by the final window size and the final threshold value for which the points are expected to be terrain points. Too small a window leads to large building points labelled as ground points. Too high a threshold leads to many vegetation points labelled as ground points. The strength of this filter is that the entire process is carried out by gradually increasing the window size, and it can be controlled by the user.
This algorithm has the ability to remove non-ground objects, such as buildings and trees, with typical processes including opening, closing, dilatation and erosion based on kernel operators. When applied to urban flood modelling, this research has shown that the algorithm has good filtering capabilities of unwanted objects such as vegetation and cars.
However, the same algorithm can also filter out all buildings, which cannot be regarded as a positive because the buildings are very much needed for flood modelling.
Figure 4 | Schematics of the morphological filter for separation between ground and non-ground measurement (Zhang et al. 2003 ).
Elevation threshold with expand window (ETEW) filter
The main assumption of this algorithm is that the elevation changes of neighbouring measurement points are distinct between ground, trees and buildings in a limited size area within a search window (Zhang & Whitman ) .
Elevation differences in a certain area are used by the algorithm to separate ground and non-ground LiDAR measurements. The non-ground points are identified and removed by the elevation threshold method using an expanding search window. The weakness of this filter is that it is unable to find the right elevation threshold value.
Its strength is that the inherent concept and calculation are rather simple and straightforward. 
Maximum local slope filter
The main assumption of this algorithm is that the terrain slopes are different from the slope that can be found between the ground and the top of a building. In this algorithm, a comparison of the local slopes between the LiDAR point and its neighbourhood are used to identify point measurements. These slopes are used to separate the ground from non-ground points. It is assumed that along the boundaries of the ground and non-ground areas, the slopes between the ground and its neighbouring nonground points are much larger than those between the ground and its neighbouring ground points. This filter uses the slope of the line between any two points in a point set as the criterion for classifying ground points. The technique relies on the premise that the gradient of the natural slope of the terrain is distinctly different from the slopes of non-terrain objects (trees, buildings, etc.) . Any feature in the laser data that has slopes with gradients larger than a certain predefined threshold is classified as a point that does not belong to the natural terrain surface (Sithole & Vosselman ) . The weakness of this filter is that it is vulnerable to slope change. When applied to steep slopes, the filter usually fails to extract the ground points. The strength of the filter is that it can detect high structures such as tall buildings which are often found in many urban environments.
This filter preserves a better shape of the ground objects as it is sensitive to small, sharp changes in area, such as for shrubs, and short walls, which are difficult for most filters.
This is because a point is classified as a ground point if the maximum slope of the vectors connecting the point to all its defined neighbours does not exceed the maximum slope within the study area, which in an urban environment may be very large due to the high elevation buildings. As a result, the final DTM will have too many unwanted objects such as trees, cars, etc.
Iterative polynomial fitting
The assumption of this algorithm is that the lowest point in a set of neighbouring measurement points belongs to the ground. In this algorithm, LiDAR points are classified by selecting ground measurements iteratively from the original data set. The lowest point within a large moving window (which is usually larger than the non-ground object in a particular area) consists of an initial set of ground measurements. For example, ground measurements at the top of a small mountain can be missed because the interpolated surface is too low due to lack of previously identified ground points at the mountain top (Zhang & Cui ) . This error can be recovered by comparing the elevation difference of a candidate ground point to the current surface.
When compared with current surface, the points at the top of a mountain will be identified as ground measurements because their elevation differences from current surface are less than a predefined threshold. However, other non-ground points might be included mistakenly. To remove these errors, the fitness of the previous and current surfaces to ground measurements within a surface interpolation window needs to be introduced as another criterion. If the fitness of the current surface is better than the previous one then the missed ground point is recovered. The weakness of this filter is that its result tends to have a lower value than the real data. Overall, this algorithm has the tendency to produce misleading information and if the final DTM is directly used for modelling of urban floodplains, without post-processing, it will certainly have negative consequences.
Polynomial two surface filter
The main assumption of this algorithm is that the ground is essentially represented as being continuous or at least a piecewise continuous surface. A polynomial 2-surface filter uses a mathematical function to approximate the ground. A least squares adjustment is used to detect the non-ground points as if they were incorrect by reducing their weights in each iteration calculation (Zhang & Cui ) . This method usually requires flat areas and does not work well in a mountainous terrain or where the buildings appear more like hills. With this method only small objects and the boundaries of larger elements can be eliminated because the edges of very high buildings cannot be detected due to the resolution failure and thresholds. This is because points within a certain vertical distance above the surface are treated as ground points.
If used in urban flood modelling work, the high buildings and elevated structures such as elevated roads and flyovers that are included will create artificial obstacles to the flow.
This algorithm also has a tendency to produce too much noise in the resulting DTM which makes it inappropriate for urban flood modelling applications.
Adaptive TIN filter
The main assumption of this algorithm is that nearby points small buildings and most bridges, but it will fail to remove some larger buildings. This is because the algorithm uses a fixed window size to calculate the mean values and it will fail to remove those objects that are larger than the window size. If the resulting DTM is used for urban floodplain modelling then the results are likely to be erroneous in those areas where such buildings exist.
Evaluation of algorithms
A qualitative assessment was undertaken to evaluate all of the algorithms mentioned above. In this assessment, criteria were used that focus on the removal of buildings, flyovers and bridges and the capture of curbs and river alignment. The assessment was done by visually assessing the performance and giving a mark with a weighted value. This weighted value is based on the filter performance in removing and capturing the features. If more than 75% of the features are removed or captured the filter is given 1 mark; if 50% to 75% of the features are removed or captured the filter is given 2 marks; if 25% to 50% of the features are removed or captured the filter is given 3 marks and if less than 25% of the features are removed or captured the filter is given 4 marks. The least total mark will suggest which filter performs the best based on the selected criteria. The results show that each filter acts differently and has different features depending on its filtering concept. The summary of the evaluation is given in Table 1 .
From 
MODIFICATION OF THE PROGRESIVE MORPHOLOGICAL ALGORITHM (MPMA)
As indicated above, out of the seven algorithms reviewed in this paper the progressive morphological algorithm (PMA) has been shown to be more promising than the other algorithms and as such it was selected for further development. This is mainly due to its strength in separating ground and non-ground points by increasing the window size iteratively. In particular, the algorithm gives the possibility that the user can be in control while removing and preserving objects. The code of this improved algorithm was written in Visual Basic. The objectives of the improvement work are focused on the following issues:
• to detect buildings and to classify them into: solid buildings, passage buildings and buildings with basements;
• to remove simple bridges along a river;
• to detect flyovers and light train lines, to remove related objects and to reconstruct structures that are underneath;
• to retain curbs;
• to detect riverbanks and to interpolate points between the banks where the river network is modelled with a 1D model (MIKE11), and to generate a DTM for use with a 2D model (MIKE21);
• to test the usefulness of the algorithm by carrying out the 1D/2D modelling work for a study area.
In order to fulfil the filtering algorithm objectives, the development process is divided into four major parts.
Each part is concerned with one of the selected essential objects in urban environment namely buildings, bridges and flyovers, curbs and river channel. The overall flowchart for this new filtering algorithm is shown in Figure 5 .
The detection and classification of buildings was carried out as a three step procedure:
Step 1: detect buildings from point cloud data;
Step 2: separate objects from point cloud data;
Step 3: classify building.
Detection of buildings from point cloud data
In this step, the existing morphological algorithm is improved by initially detecting and labelling all the buildings. This process is done by manipulating the slope concept. It is based on the following assumptions:
1. terrain slopes are different from the slopes that are found between the ground and the top of a building;
2. buildings are highly elevated objects in an urban area;
3. most buildings in an urban area have smoothly sloped roofs.
Initially, points are labelled as 'High' or 'Low' based on their elevation. In the present development, the value for 'High' points was left to be user-defined. Then, for each point in point cloud, the slope in percentage rise is calculated for a 3 Â 3 neighbourhoods around every point ( Figure 6, right) . The maximum value of the slope from these neighbourhoods is taken as an attribute for that point (see Figure 6 , left).
Based on the slope, points are divided into two classes; 
Separation of other objects from point cloud data
The purpose of this is to remove the vegetation and other objects from point cloud data. The procedure is based on the original progressive morphological algorithm. Apart from the advantage for the user in controlling the separation of ground and non-ground points, this algorithm is also found to be useful because of its relatively simple structure as well as its effectiveness in separating ground and non-ground points.
Classification of building objects
In this step, the original morphological filtering algorithm was improved by assigning the buildings that have been preserved with the three types of properties namely; buildings with basement, passage buildings and solid objects. 
CASE STUDY
The study area concerns a small part of the Klang River basin.
It is located on the west coast of Peninsular Malaysia in The Government of Malaysia, through the department of irrigation and drainage (DID) as its implementing agency, now intends to approach the problems more holistically through the integrated river basin management (IRBM) approach to improve the river environment and flood mitigation works in the Klang River Basin. A field survey has been carried out in order to classify the buildings into those that have basements, passage buildings and those that can be regarded as solid objects. Out of 191 surveyed buildings 51% were found to be the buildings with basements, 43% passage buildings and 6% solid object buildings (see Figure 7) .
The analysis of survey data indicates:
• 92% of buildings which have a height in the excess of 20 metres have basements;
• 85% of buildings which have a height between 5 to 20 metres have a significant open space on the ground floor;
• 87% of solid objects which are less than five metres high have neither basements nor open space on the ground floor.
For buildings with basement, the average basement depth found was in the order of five metres. The values gathered from this survey are used to define the characteristics of study area.
Modelling framework
The 
where n b is a base value of n for the flood plain's natural bare soil surface, n 1 is a correction factor for the effect of surface irregularities on the flood plain, n 2 is a value for variations in shape and size of the flood-plain cross section, assumed to equal 0.0, n 3 is a value for obstructions on the flood plain, n 4 is a value for vegetation on the flood plain and m is a correction factor for sinuosity of the flood plain, equal to 1.0 in this study.
The values for n b , n 1 , n 2 , n 3 , n 4 and m can be determined from (4):
The coupled 1D/2D models simulate the flow in the Klang River and tributaries and the overtopping of flow along the streets of Kuala Lumpur.
Discussion of model results
The models were simulated using two historical rainfall Figure 9 is due to the combined effects of river-related overbank discharges as well as discharges from the inland drainage system.
As shown in Figure 9 , for an event that occurred on 29 Table 3 . Numbers in brackets refer to location identified in Figure 9 .
which uses the DTM built from the MPMA algorithm gives the closest result to the measurements. This can be explained by the fact that in MPMA DTM the buildings are more adequately represented. On average, the difference in flood depths of 39% was observed between a model that uses a DTM modified by the MPMA algorithm and the predictions of other models (Tables 3 and 4 ).
For the analysis of flood extents in addition to the measurements taken at several locations by DID local observations were also sourced from newspapers such as Utusan Malaysia,
The Sun, New Strait Times, The Star, and Harian Metro and Berita Harian. These data were introduced into GIS layers and then overlaid with the model results for comparison purposes. Figure 9 illustrates flood extents produced by five 1D/ 2D models against local observations. From Figure 9 it can be observed that flood extents obtained from all models are in a reasonably good agreement with the measurement but the extent from Morph, ATIN, Morph2D and Poly appears to be larger from what was recorded. Again, the model results based on MPMA DTM were found to be more close to local observations than other model results.
From the analysis of computed flood velocities it can be observed that the results from 1D/2D model that uses the DTM from the MPMA algorithm are closer to reality as Numbers in brackets refer to location identified in Figure 9 .
they better represent the physics of the phenomena; see Figure 10 . This is more or less a consequence of the ability of MPMA to recreate the basement condition in the DTM where the flood water is allowed to inundate the basement area first before it floods the surrounding area. Not only that, the assigned Manning value of 20 (n ¼ 0.05) for passage buildings produces a flow that more closely represents the real phenomena. From the overall results it can be concluded that models with different DTMs can lead to significantly different flood predictions. The difference in results suggests the importance of a careful consideration of building objects for urban floodplain modelling. 
CONCLUSION

